Lineage determination is an important part of the analysis of viral sequence data. Previously this has depended on phylogenetic analysis in order to identify distinct clades within the phylogenetic trees. This method is time consuming and dependent on a set of empirical rules for clade identification. An alternative approach is to use clustering. Clustering is commonly used to identify operational taxonomic units in next generation sequencing data. In this paper we use clustering in order to rapidly identify viral segment lineages and clades without the need for tree construction.
Background
It is well known in statistics that variance increases with sample size, as the rare cases within the population become more likely to be sampled. Biological sequence data is no exception. As the number of sequences included in a multiple sequence alignment increases so does the sequence diversity and as a consequence the number of totally conserved sequence positions decreases.
A multiple sequence alignment of 3659 influenza H9 hemagglutinin sequences from the Influenza Research Database reveals that less than 10% of the nucleotides are completely conserved [1] . Such a large amount of diversity and limited amount of conservation makes multiple sequence alignment challenging and the alignments can vary between different alignment programs and parameter settings. This degree of variation within H9 raises the question of population structure as the sequences have not diverged sufficiently in order to have produced a new subtype. Are there sub-groups which can be distinguished that have a smaller degree of variation? If this sub-structure exists then these would be much easier to align as separate groups.
These putative sub-populations would represent different lineages, and they are likely to have different antigenic properties. It is important to note that in the case of a segmented virus such as influenza these lineages need to be considered on a segment by segment basis. At the viral level there will be multiple different genotypes that contain the same gene segment lineage. For simplicity in this paper lineage will apply only at the segment level.
Segment lineages are sub-groups of sequences within a subtype that evolve independently of one another, but that may co-exist. These correspond to the highest level clades within the viral segment phylogenetic tree. The boundaries of the segment lineage will be carefully defined as all segment lineages will share a most recent common ancestor and so it can be difficult to determine when a new lineage begins.
Some segment lineages will still be circulating and are extant, but others will be extinct. The huge advantage of viral phylogenetics is that we have historical data and that we can observe viral evolution and the generation of new lineages. The assignment of segment lineages is biologically important for studies of viral reassortment, viral population genetics, phylodynamics and viral phylogeography.
Influenza A is already divided into subtypes dependent on the antigenic properties of the virus surface glycoproteins hemagglutinin (HA) and neuraminidase (NA). There are currently 18 known sub-types of HA and 11 subtypes of NA. In theory genetic reassortment events between these subtypes can give rise 198 different subtypes of virus (e.g. H9N1, H9N2, H9N3). However not all combinations have been detected in nature and there are preferential combinations for the viral packaging and fitness to cause productive infections in avian or mammalian species [2, 3] .
Currently lineages have been identified for the highly pathogenic avian influenza form of the H5N1 hemagglutinin subtype descended from a goose in Guangdong (HPAI H5N1), H9N2, global swine H1 and US swine H1 [4] [5] [6] [7] [8] . These lineage studies have focused on a single influenza subtype or in the case of the global swine H1 classification two subtypes H1N1 and H1N2 [8] . For the lineage analysis of HA it is logical to look at all the sequences from the same antigenic group as they form distinctive well defined groups, i.e. all of the H1 or all of the H5 sequences together. This has already begun to happen in the case of H5 where the nomenclature is no longer restricted to only the H5N1 subtype, but it still only contains sequences descended from the high pathogenicity avian influenza (HPAI) H5N1 and it does not include lineages for the low pathogenicity avian influenza (LPAI) lineages [9, 10] .
The change in the HPAI H5N1 classification occurred in response to the recent spread of the HPAI H5 lineage to North America and the reassortment of the HA and NA segments into different subtypes (H5N2, H5N3, H5N6 and H5N8) demonstrates how a more comprehensive approach to lineage identification that crosses the boundaries of subtypes is required [11] .
The current WHO clade nomenclature was produced from a multiple sequence alignment of all of the HPAI H5N1 hemagglutinin sequences using MAFFT and subsequent phylogenetic analysis using Fasttree [4] . Once the classification has been assigned new sequences can then be placed within the nomenclature using programmes such as pplacer, which is available through the Influenza Research Database [1, 12] .
An alternative method which combines some of the elements of clade detection with classification is LABEL [7] . LABEL takes a supervised learning approach and uses HMMs to create patterns based on the existing classifications and subsequently SVM machine to assign sequences to the nomenclature. This has helped to clear up some of the discrepancies in the existing HPAI H5 classification as well as to develop a new classification scheme for H9N2 based on the existing literature.
Tree based approaches are very time consuming and often involve human intervention which prevents automation. The need to rebuild the tree when new sequences become available makes these methods particularly inefficient. Sequence alignment can be very slow for large numbers of sequences and although fast phylogenetic tree generation methods are available methods that use the non-parametric bootstrap are time consuming for large numbers of sequences.
Another problem of using tree based methods in order to identify the clade structure is that the quality of the tree depends on the quality of the multiple sequence alignment on which it is based. As alignments include a larger number of sequences with a higher variance the alignment becomes more ambiguous and the quality declines. A subset of sequences with less variation gives a more accurate alignment. For this reason an alternative approach to the tree based approach is presented here.
Clustering methods can be used to identify sub-groups in data and can be divided into two different approaches, divisive where the data is broken into ever smaller subsets and agglomerative where the subsets are built up from the individual members of the dataset [13] . All that is needed is a metric for assigning sequences to one group or another.
Clustering is an example of an unsupervised learning technique that will find groups within a dataset without prior classification. The data is divided into groups around a central "average" example. This is the centroid -the median example of the cluster.
USEARCH is an algorithm that was written for clustering next generation sequencing data in order to identify operational taxonomic units (OTUs) prior to multiple sequence alignment [14] . The task of identifying viral segment lineages (abbreviated from now on to lineages) is much the same except that the segments are longer that the reads produced by next generation sequencing and the numbers of sequences that need to be aligned are orders of magnitude smaller.
In this paper lineage is used to mean the deepest level of the clade structure. This means the first highest level sub-groups within the phylogenetic tree, having the lowest level of sequence identity. The terms lineage and clade will be used interchangeably.
Materials and Methods
A complete set of all of the influenza A HA sequences for all of the different subtypes was downloaded from the Influenza Research Database on 21 st of May 2017. This dataset was labelled 2017_5_21_HA This provides a positive control for applying USEARCH to detecting groups within the viral sequence data as 18 hemagglutinin subtypes have already been assigned.
The complete sets of HA sequences for H1, H2, H3. H4, H5, H6, H7 and H9 were downloaded from the Influenza Research Database on 21 st of May 2017. These datasets were used to test the statistical properties of the clustering method. USEARCH (version 9.2.64) was used to cluster the data at different levels of identity ranging between 80% and 99% [14] .
An example of the command line for using USEARCH to calculate the cluster centroids at 90% is:
usearch -cluster_fast sequences.fasta -id 0.9 -centroids sequences_nr.fasta A complete clustering analysis at the 90% identity level was carried out for the H9 hemagglutinin sequences. This was verified against the clades that had been identified previously in the literature. The USEARCH command line for creating the set of clusters corresponding to the lineages was: usearch -cluster_fast sequences.fasta -id 0.9 -clusters sequences_90_
The non-redundant set of sequences containing the centroid sequence from each of the lineages was also needed for 90% sequence identity. This was needed for a phylogenetic tree construction of the relationship between the lineages. Cluster 2 is one of the two clades containing hemagglutinin sequences from the Middle East and contains over 400 sequences. To make the phylogenetic analysis more manageable it was partitioned further using a second clustering with USEARCH this time at the 93% level. This generated sub-clusters that were then used for subsequent phylogenetic tree analysis.
Cluster 1 is the other large clade with over 2300 sequences from the Far-East. This was also divided into sub-clades by the nested use of USEARCH. Classification was carried out at 93% identity and then 95% identity in order to create a set of nested clades for comparison with the results from LABEL [7] .
Multiple sequence alignment was carried out for all of the clusters including the set of nonredundant sequences using Muscle in Mega v7.0.20 except for clusters1 and cluster2 that were aligned using the stand-alone version of Muscle v3.8.31 because of memory constraints in Mega [15, 16] . Intra-cluster distance statistics were calculated using the APE package in the R statistical environment using R-studio [17] [18] [19] .
Where subsequent phylogenetic analysis of the lineages was required the analysis was carried out using BEAST2 [20] . All of the trees were generated using tip dates, a strict evolutionary clock and the constant population coalescent tree prior. The general time reversible (GTR) substitution model with 50% invariant sites was used unless the simulations did not converge when the Tamura-Nei substitution model was used [21, 22] . All trees are the maximum clade credibility trees with the median node heights processed using Treeannotator v2.4.6. The trees were created and edited in FigTree v1.4.3 [23] .
Results
USEARCH on the HA data USEARCH identified 18 different clusters from the combined HA data at the 70% identity level. The representative sequence from each of the identified subgroups is given in table 1. Note that there are two sequences from H7 and no sequences from the H15 subtype were classified in their own cluster.
USEARCH correctly classified 17 out of the 18 hemagglutinin subtypes.
USEARCH on the Hemagglutinin Data
All of the different HA subtypes exhibited the same statistical properties for the clustering as the percentage identity was increased (table 2) . Initially there is a single cluster that breaks down into a large cluster with a small number of much smaller clusters. These smaller clusters continue to fragment as the percentage identity increases until finally this large cluster breaks up. This can be seen clearly in the graphs of maximum cluster size and the number of clusters (figures 1 and 2).
USEARCH on H9 Hemagglutinin
USEARCH identified 19 clusters at the level of 90% identity. A summary of the clusters is given in table 3. Of these clades five are monophyletic for subtype and five are monophyletic for geographical location (if China and Hong Kong are considered together). The subtype originated in Wisconsin in 1966 and this clade continues to be in circulation.
A phylogenetic tree of the lineages is given in figure 3 . The clades are numbered according to the dates in which the earliest members were sampled. This numbering is likely to remain consistent as most sampling occurs in real-time and the additional of historical samples occurs very rarely. The nodes are labelled with the posterior probabilities which are mostly close to one.
While many of the clades are monophyletic to Eurasia or the Americas they are not clearly distinguishable on the phylogenetic tree. Clades 1,2,3,4,6,9, 16 and 17 contain sequences from the Americas most of these form part of a consistent group highlighted in orange along with clades 10, 11 and 19 which are monophyletic to South Korea, Malaysia and Vietnam respectively (clade 10 has a single Egyptian sequence from 2016). Clades 12 and 15 are mostly Middle Eastern and South Asian sequences and these are highlighted in blue in figure 3 . The evolution of H9N2 in the Middle East has been the subject of previous phylogenetic studies and clades 12 and 15 were chosen for further analysis. A second round of clustering using USEARCH was used on Clade 15 to make the cluster size more manageable and generated 13 sub-clades. A summary of these sub-clades is given in table 4.
The phylogenetic trees for these two clades and their sub-clades are shown in figures 6 and 7a-h. The Guinea Fowl and Ferret sequences had to be removed from Clade 12 as they are undated. Clade 15.4 has an unusually large median distance between sequences and so it was removed as an outlier from the clade 15 trees which improved the convergence of the BEAST phylogenetic analysis.
The Nested Application of USEARCH to Cluster One
At the level of 93% identity there were 3 sub-clades Clades14.1, Clades14.2, Clade14.3, Clade14.4. Clades14.3 contains 2280 sequences and was subdivided again. This time at 95% identity there were 10 sub-clusters but 2 contained 10 or less sequences and one subsubclade 14.3.2 contained 1278 sequences. If classification continues at 97% there are 31 clusters but half of these contain less than five sequences and so it was decided to end subdividing the clades at the 95% level.
Discussion
The clustering of the influenza viral hemagglutinins using USEARCH proved that clustering can correctly identify the viral subtypes from the sequence data. USEARCH has been used previously in order to classify influenza genomes but this is the first time that it has been used for lineage detection in viral gene segments [24, 25] .
These subtypes have been assigned by antigenic properties and the differences between the hemagglutinin subtypes is clear at the sequence level. The reason for the failure to detect the H15 subtype is likely to be because there are such a limited number of H15 sequences available (there are currently only 21 complete sequences for H15 hemagglutinin in the Influenza Research Database). Why two H7 clusters were detected remains unclear.
The same properties are observed in the clustering statistics for all of the different hemagglutinin subtypes (table 1, figures 1 and 2). This is consistent with there being a population structure within the gene segments and that is not an artefact of the clustering process. In all subtypes the clusters are centred around a large main grouping while the other smaller clusters are much more diverse.
The best choice of percentage identity for clustering is when this large cluster first becomes clearly defined but when the smaller clusters have not been fragmented too much. From the graph of maximum cluster size this is beginning of the plateau region. For H9 this is at 90% but it varies between the different subtypes and for example it is 93% for H7.
The median sequence to sequence distances are given in table 3 for all of the clusters. This compares with a minimum distance between the centroids of 11% and a median difference between the centroids of 18%. This shows that the clusters are well separated from one another. However, the posterior probability for the split between clades 10 and 17 is only 0.48 which suggests that these two clades might need to be merged.
Where USEARCH produces very large clusters a nested approach can be used [14] . Each of the large clusters can be divided by performing further runs of USEARCH classification at a higher degree of sequence identity. For the phylogenetic analysis of clade 15 the resulting classification at 93% identity produced 13 clusters with a maximum cluster size of 196, which was considered manageable for tree analysis. This process of nested clustering can be repeated as often as required by increasing the identity threshold until either an acceptable maximum cluster size is obtained or the clustering reaches 98.5% identity which is threshold for the WHO nomenclature framework.
A summary of the second round of classification for clade 15 is given in table 4, this includes the median sequence to sequence distances for the clade. Apart from subclade 15.4 these values are much smaller than the minimum distance between centroids od 7.7%. Clade 15.4 only contains 3 sequences and it was considered an outlier. It could be that this is just a result of poor sampling from within that sub-clade. Care must be taken over how you deal with the small clusters produced by successive runs. In this case the small sub-clades of four or less sequence were merged for phylogenetic analysis as otherwise BEAST performance is impaired.
There has been a previous study that used a phylogenetic tree approach to analyse the complete set of H9N2 hemagglutinins [26] . That study highlighted fours main clades labelled A, B and C and a very large Chinese Clade. Clade A corresponds to the clades coloured in orange in figure 3 and clade B corresponds to the Middle-Eastern clades highlighted in blue. Clade C corresponds to clade 13 in the current paper and the large Chinese clade corresponds to clade 14. That paper attempted to bring together all of the different clade names that had been used in the literature but this was carried out more systematically in LABEL [7] . LABEL uses a hierarchical approach which is analogous to the nested approach used in clustering here. The prototype sequences used by LABEL and their equivalents in the current dataset are given in table 5. The current method does not distinguish as many lineages within cluster 4 as are present in the LABEL classification, but it is important to note that LABEL was constrained by the literature definitions of the lineages and may be subjective.
The origin of clade 12 is the G1 sequence AF156378/KY785896 from a quail in Hong Kong in 1997 and clades 12 and 15 match with the previously identified G1 lineage from the paper of Fusaro et al. [27] Clade 15.7 corresponds exactly to the G1_Mideast_B clade from Shanmuganathan et al. 2014 [28] . This clade was not available when LABEL was developed and has been added as G1_Mideast_B2. The other G1 clades are classified as separate clusters in the current analysis except that A and D are both part of clade 12. However from figure 6 it is clear that clade 12 has three identifiable sub-groups and that A and D are separate at the sub-clade level in this analysis.
The H9 Y280 clade and its relatives make up a substantial portion of the sequences classified by LABEL. This H9 Y280 sequence itself is a partial sequence and so it is not present in the current dataset. The nearest related sequence that is present is AF461530 a chicken from Beijing in 1997, this is found in the large Far-Eastern clade 14 in sub-clade 14.1. LABEL does not have the nested substructure of these mostly Chinese clades that was reported previously by Dalby and Iqbal and that is found here in the sub-clades of clade 14 [26] .
The novel clades that have been identified in this study are clades 2,3,7,10,11 and 13. It should be noted that most of these clades have bifurcated from a clade that is present in the LABEL classification and that these are small changes in the classification system. In general the agreement between the two classifiers is strong.
This method goes beyond what LABEL can do by identifying new clades without dependence on the literature. Clustering methods quickly identify lineages within the dataset. By the successive use of identify cut-offs large clusters can be broken into more manageable subsets in a nested algorithmic way that is consistent with the phylogenetic analysis. Multiple sequence alignment of the subsets is rapid and phylogenetic tree generation using Bayesian coalescence based methods becomes possible for all of the clades.
Previous clade classification systems have tended to filter on influenza sub-type such as H5N1, H1N1 or H9N2. This study shows that clades can often be polyphyletic with regard to subtype because of reassortment of the hemagglutinin and neuraminidase genes in order to move between subtypes. By taking an inclusive and comprehensive approach a more complete picture of viral reassortment can be achieved.
Using clustering a complete phylogenetic analysis for the H9 HA sequences becomes computationally much more efficient. There is no need for users to subset the data or to apply filters depending on subtype or location which might introduce bias into the subsequent analysis. Visualisation of the resulting trees is also improved as well as the quality of the multiple sequence alignments. It is easier to see patterns in the data and to determine evolutionary constraints and processes.
Conclusion
Clustering also allows for the possibility of a comprehensive investigation of the influenza internal genes. The internal genes are not classified into subtypes like the glycoproteins HA and NA. This makes any phylogenetic analysis involving the internal genes complex and subject to selection criteria. Making it particularly difficult to analyse reassortment events where internal genes transfer between viral subtypes. By applying the clustering approach presented in this paper the analysis becomes much more manageable and it is possible to quickly identify clades within the internal genes where there is evidence for reassortment. These analyses will be much more objective because they can include all of the available data. H3  H4  H5  H6  H7  H9   80  17945  610  18001  1386  4296  1401  1496  3508  85  17851  331  17596  1294  3945  928  1469  2906  90  17141  327  15227  1009  2975  656  904  2398  91  16170  282  15286  961  2254  646  1346  2328  92  15453  255  14844  934  2495  588  1273  2371  93  15405  235  14487  890  998  456  880  2319  94  15378  214  14256  832  715  404  910  1627  95  15372  193  8111  653  600  381  815  1290  96  15082  187  6909  380  916  294  829  1639  97  15294  135  6466  260  726  232  783  1268  98  9631  93  5821  182  436  84  768  671  99  3325  43  3604  72  217  44 
